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Abstract—Analysis of subjectivity is the actively developed
direction of research in text mining. The paper presents machine
learning experiments on classification of sentiments in forum
texts. We explore the difficult task of classification when texts are
labeled by several sentiment labels and in this condition we reach
the average F-measure equal to 0.805.
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I.

INTRODUCTION

During the last decade the Internet has been increasingly
used by people not just as users but as producers of online
information. A study of user generated content (UGC) from
2008 [1] claimed that 35% of the USA Internet users have
contributed at least once a UGC to the Web and the same
tendency was observed in Europe, Japan and Korea.
The recent survey [2] emphasizes that emotions are
essential part of human interaction. This implies that analysis of
text sense would be incomplete without its emotional
component. User generated texts reflects the writer’s emotional
state which can be identified by using various methods. A
growing amount of research papers describe various studies of
sentiment detection, emotion recognition and opinion
classification in user-generated context.
Extraction and analysis of sentiments, opinions, attitudes,
emotions, perceptions and intentions is one of the most askedfor types of text analysis, as was pointed out in Seth Grimes’
Text Analytics Report 20141.
This paper analysis the problem of sentiment detection in
health-related forum posts.
II.

RELATED WORK

The sub-field of natural language processing named
“Sentiment Analysis” explores various methods and algorithms
for detection of such subjective phenomena such as opinions,
sentiments, emotions and writer’s mood and creates numerous
applications for these purposes [3].
Health-related forums are subjects of increasing number of
studies. Health-related sentiments were studied in [4]. Around
600 sentences from the forum messages about hearing problems
were annotated with positive, and negative labels and used in
machine learning experiments which achieved F1 measure up
to 0.685. Changes of sentiments in a health-related online
community were studied in [5]. The forum messages were
1

http://altaplana.com/grimes.html

978-1-4673-8197-0/16/$31.00 ©2016 IEEE

classified into positive and negative using message texts. The
authors demonstrated that the initial negative posts were often
followed by positive posts of the same participant. In [6] a
medical domain lexicon was built on the base of user reviews
on drugs with ratings from negative to positive. They achieved
F-score of 0.62 for the positive class, 0.48 for the negative class
and 0.09 for the neutral class. We used more sophisticated set
of sentiment labels which better reflected forum participants’
interaction.
In [7] several machine learning algorithms were applied for
classification of the data set we used in our work. The best
achieved F-measure was 0.518. [8] continued the work on the
same data experimenting with various lexicons and machine
learning algorithms; the results reported for each label
separately. The best f-measure for encouragement was 0.67.
Our work differs from this one in using multiple labels for each
message which allowed us to achieve better classification
results.
III.

DATA AND TASK DESCRIPTION

We worked with the data collected from the IVF forums
(ivf.ca) and manually annotated using several labels. The data
and annotation were described in [7] and [8].
We obtained the data where each forum post was
considered as an annotation unit and annotated with up to three
labels. Thus, our aim was to detect all of these labels for every
analyzed post.
A. Data Description
The IVF forums consist of threads each of them presenting
a conversation on a topic indicated by the thread name. We
worked with 80 threads which contained 1321 posts in total.
The average length of a thread was 16-17 posts. Each post was
annotated manually by several annotators [8]. After several
rounds of annotations the number of labels for each post ranged
from one to three.
The themes of discussions on the forums were connected to
health and fertility problems, fertility treatment and in vitro
fertilization. Health, pregnancy and babies connected issues
evoke very strong emotions and sentiments which are not easy
classified in positive and negative only. Thus, posts in these
discussions were annotated with specific labels: confusion,
encouragement, gratitude and facts. The first three labels
indicated sentiments addressed by the post authors to the other
forum participants. The fourth labels indicated emotion free
narrative.

As the annotated posts had the length of 128 words on
average and contained several sentences different parts of them
expressed different sentiments and many posts contained some
neutral factual information. This was the cause why they were
labeled with multiple labels. The annotation statistics was the
following: 658 posts were annotated with only one label; 605
posts had two labels; 58 posts had three different labels. The
most frequent label was facts, 954 posts were annotated with
facts, 642 posts were annotated with encouragement, confusion
appeared in 285 posts, and gratitude in 161 posts.
B. The Task and the Instruments
Our current experiments had several objectives. The main
goal was to handle multiple annotations of posts; the second
one was to compare several sentiment lexicons and find a better
one for these particular texts.
There are two main approaches to multi-label classification
problems: a) problem transformation, and b) algorithm
adaptation [9]. We used the first method, namely, we analyzed
every label apart for the post in question. This means that we
run one experiment for each label detecting whether each post
was marked by this label or not. In our case this method can be
applied as in most texts different fragments express different
sentiments. For example, the post can be started by complains
and description of the authors problem and worry, then it could
be the part where the author story is described in more o less
objective narrative. The final part usually contain some warm
words addressed the other forum participants. Thus, the
sentiments are mostly independent in text and can be detected
individually.
We used Machine learning toolkit WEKA2 to experiment
with our data. WEKA [10] is open source software issued under
the GNU General Public License and contains a collection of
machine learning algorithms for data mining tasks such as a
Bayesian algorithms, decision trees, Support Vector Machine,
Instance-Based learner, Logistic Regression, etc.
C. Resources Used in Experiments
One of the most important elements in machine learning is
the feature set. In most sentiment analysis tasks this set was
based on sentiment lexicon. We collected nine lexicons and
performed experiments with every one of them. Below is
the list of used lexicons with the short description.
1. (SWN) SentiWordNet lexicon assigns each synset of
WordNet with three sentiment scores: positivity,
negativity, objectivity [11]. We selected synsets with
non-zero score for positivity or negativity.
2. (SS) SentiStrength assigns a score from 1(no positivity)
to 5 (extremely positive), and -1(no negativity) to -5
(extremely negative) [12]. We selected the terms with
the score <-2 and >2.
3. (DM) DepecheMood contained word - emotion matrix,
where the list of emotions was CONCERNED,
AFRAID,
AMUSED,
ANGRY,
ANNOYED,
DONT_CARE, HAPPY, INSPIRED, and SAD [13].
4. (HA) HealthAffect was the domain-specific lexicon
created specifically for these texts taking into
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consideration the specific set of sentiment labels used
for annotation [8].
5. AFINN was based on Affective Norms for English
Words (ANEW) lexicon and ranks words on a scale
from strongly negative to strongly positive [14].
6. (GE) General Enquirer assigned words into positive
and negative sentiment, and mood categories [15]. We
selected the words with positive and negative sentiment
labels only.
7. Hashtag Affirmative and Negated Context Sentiment
Lexicon was created on the base of tweet words which
had sentiment score from -10 to 10 [16]. We used the
terms with scores either < -2 or > 2.
8. Sentiment140 Lexicon was also created from tweets
[16] and had the similar structure with the Hashtag
Affirmative and Negated Context Sentiment Lexicon.
9. NRC Word-Emotion Association Lexicon assigned to
each word scores for eight emotions (anger, fear,
anticipation, trust, surprise, sadness, joy, and disgust)
and two sentiments (negative and positive) [17]. We
used words with non-zero scores for negative or
positive sentiment.
We also experimented with eight lexicon combinations
listed below. The first four combinations presented
intersections of the lexicons and the last four were unions of
the same lexicons.
10. Intersection of Hashtag Affirmative and Negated
Context Sentiment Lexicon, Sentiment140 and NRC
Word-Emotion Association Lexicon.
11. Intersection of Hashtag Affirmative and Negated
Context Sentiment Lexicon, Sentiment140, NRC
Word-Emotion Association Lexicon, AFINN and
General Enquirer.
12. Intersection of SentiWordNet, SentiStrength, and
DepecheMood lexicons.
13. Intersection
of
SentiWordNet,
SentiStrength,
DepecheMood and HealthAffect lexicons.
14. Union of Hashtag Affirmative and Negated Context
Sentiment Lexicon, Sentiment140 and NRC WordEmotion Association Lexicon.
15. Union of Intersection of Hashtag Affirmative and
Negated Context Sentiment Lexicon, Sentiment140,
NRC Word-Emotion Association Lexicon, AFINN and
General Enquirer.
16. Union of SentiWordNet, SentiStrength, and
DepecheMood lexicons.
17. Union of SentiWordNet, SentiStrength, DepecheMood
and HealthAffect lexicons.
IV.

EXPERIMENTS AND RESULTS

A. Experiment Organisation
We created 17 feature sets comparing sources described and
numerated above with the words of our texts and selecting from
the lexicons only terms which appeared in our texts. Each of
these sets was used for detecting each of the four labels apart.
Naïve Bayes (NB) as the simplest classifier was used as a
baseline.

B. Obtained Results
We experimented using Bayesian algorithms (DMNBtext,
NBMultinomial) and Support Vector Machine (SVM, SMO
realization) provided by WEKA. We present only the tables
with the best results for each label and for average value. All
figures presented in the tables and figures are macro-averaged
F-measures obtained in 10-fold cross-validation experiments. Fmeasure allows direct comparison with the previous works on
the same data set.

THE BEST F-MEASURE FOR CONFUSION WAS OBTAINED USING UNION OF SS
SWN DM HA LEXICONS AND NBMULTINOMIAL ALGORITHM
NB

DMNBtext

confusion
0.82
0.8
0.78
0.76

Table I

algorithms

lexicon unions (numbers 14-17 on the axe X). F-measure is
presented on the axe Y.

NBMultinomial

labels

SMO

0.74
0.72
0.7
1

(SVM)

confusion

0.714

0.802

0.816

0.786

encouragement

0.594

0.722

0.727

0.692

gratitude

0.701

0.889

0.865

0.876

factual

0.756

0.808

0.805

0.794

Average

0.691

0.805

0.803

0.787
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Fig. 1. F-measure obtained for the label confusion using 9 lexicons and 8
combinations of these lexicons (see the numeration in part III C)

encouragement
0.75

Table III
THE BEST F-MEASURE FOR ENCOURAGEMENT AND GRATITUDE WAS OBTAINED
USING HEALTHAFFECT LEXICON AND DMNBTEXT ALGORITHM
algorithms

NB

DMNBtext

NBMultinomial

labels

SMO
(SVM)

confusion

0.732

0.787

0.791

0.758

encouragement

0.640

0.736

0.731

0.683

gratitude

0.876

0.899

0.898

0.869

factual

0.768

0.726

0.741

0.745

Average

0.754

0.787

0.790

0.764

Table IIIII
THE BEST RESULT FOR FACTUAL WAS OBTAINED USING UNION OF OF SS SWN
DM LEXICON AND DMNBTEXT ALGORITHM
algorithms

0.7
0.65
0.6
0.55
0.5
1

5
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8

9 10 11 12 13 14 15 16 17

0.9

NBMultinomial

SMO
(SVM)

confusion

0.714

0.794

0.796

0.782

encouragement

0.585

0.700

0.690

0.677

0.84

gratitude

0.669

0.866

0.846

0.86

0.82

factual

0.743

0.809

0.759

0.805

0.8

Average

0.678

0.792

0.773

0.781

C. Comparison of Lexicons
Fig. 1-5 present the comparisons of 9 lexicons (numbered 19 on the axe X), 4 lexicon intersections (numbers 10-13) and

4

gratitude

DMNBtext

The best results for each label and for averaged F-measure
are in bold and underlined.

3

Fig. 2. F-measure obtained for the label encouragement using 9 lexicons
and 8 combinations of these lexicons (see the numeration in part III C)
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Fig. 3. F-measure obtained for the label gratitude using 9 lexicons and 8
combinations of these lexicons (see the numeration in part III C)

that was recognized worse than 0.8 was encouragement. It
happened probably because this attitude was expressed in more
specific way, not with special words but with more complex
expressions. These expressions were not as easy to detect using
just word - based features. Nevertheless, the average result was
0.805 which is rather good one for sentiment recognition tasks.

factual
0.85
0.8
0.75
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